INTRODUCTION 48
Of all the possible ways to walk, people prefer specific patterns. For example, rather than use our full 49 range of possible walking speeds, we prefer a narrow speed range and will switch to a running gait if we 50 have to move much faster (Bertram 2005 Zarrugh et al. 1974 ). And within a speed, we prefer to use specific 52 combinations of other gait parameters such as step frequency and step width (Donelan et al. 2001 ; 53
Elftman 1966). While there is strong evidence that these preferred gaits minimize energetic cost during 54 long bouts of steady state walking (Bertram 2005; Donelan et al. 2001; Elftman 1966; Ralston 1958) , the 55 specific neural control mechanisms underlying economical gait selection are currently unknown. 56
57
People may converge on their preferred gaits by directly sensing metabolic rate and dynamically adapting 58 their gait to continuously maximize gait economy (Figure 1 ). In particular, people generally minimize the 59 metabolic cost of transport, defined as the metabolic rate per unit of walking speed, and therefore 60 optimizing cost of transport would require sensing both speed and metabolic rate. Estimates of walking 61 speed could be rapidly attained from visual, proprioceptive, and other feedback. However, the potential 62 direct sensors of metabolic cost, such as central and peripheral chemoreceptors and Group IV muscle 63 afferents, are reported to require at least five seconds to produce a physiological response to a stimulus 64 (Bellville et al. 1979 ; Coote et al. 1971 ; Kaufman and Hayes 2002; Smith et al. 2006 ). Even without these 65 sensing delays, considerable time would still be required for an optimization process to use this metabolic 66 information to iteratively adjust gait from step to step, and thus would only gradually converge to the 67 optimal pattern. If this process were used to select preferred speed, for example, adaptations would be 68 expected to occur over tens of seconds or longer due to the compounded effects of sensing and iterative 69 adjustments. However, everyday walking is made up of a series of short bouts, most frequently lasting 70 only 20 seconds (Orendurff et al. 2008) . Even much longer bouts may require rapid economical 71 adjustment of gait to respond to constantly changing terrains and environments. Direct optimization is 72 therefore unlikely to keep up with the continuously changing situations in which we move. 73
74
A potentially faster mechanism would be to rely on indirect sensory feedback to predict walking patterns 75 that minimize cost of transport and then use this prediction to help select the preferred gait (Figure 1) . 76 Based on relationships learned over time, sensory feedback from vision and other pathways could be used 77 to rapidly predict the energetic consequences of specific gait patterns while also considering 78 environmental and task constraints such as terrain and maintaining balance (Mercier et al. 1994 Prokop et al. 1997 ). However, it is still unclear whether 85 vision is used for the rapid gait adjustments that are indicative of indirect prediction since these studies 86 only used slow visual perturbations that cannot identify the dynamics of the processes involved. 87
88
Using both indirect prediction and direct optimization is a sensible strategy for selecting energetically 89 optimal gaits since these two processes would have complementary strengths and weaknesses. Direct 90 optimization could accurately minimize energetic cost because it relies on the actual sensed metabolic 91 rate, but has the drawback of a relatively slow response time. Information from other body senses such as 92 vision, proprioception, and the vestibular system could be available much more rapidly and could be used 93 to predict optimal gait changes on short time scales. However, indirect prediction would be less accurate 94 by relying on prior experience and indirect means to reduce energetic cost. Evidence for these two 95 processes has been demonstrated for step frequency adjustments, where sudden perturbations to walking 96 speed cause subjects to first rapidly adjust step frequency towards the most economical frequency at that 97 speed, and then fine-tune it over longer time scales (Snaterse et al. 2011 ). The fine-tuning can be 98 explained by an optimization process but the rapid adjustment, which constitutes a majority of the 99 selected by the subject and then manipulated the ratio between these two speeds. This speed ratio, which 126 can be thought of as a gain on visual flow rate, is defined as: 127
When the speed ratio is less than one, for example, visual feedback would suggest to the subject that they 129 are moving slower than their actual speed. Visually presented speed can then be perturbed through 130 changes to the speed ratio, yet remain under the subject's control-subjects could always increase their 131 visually presented speed by simply walking faster ( Figure 2B ). This helped to ensure that perturbations to 132 visual flow rate were actually perceived by subjects as changes in their own walking speed. 133
134
We used two types of experimental perturbations to identify the mechanisms underlying the selection of 135 preferred walking speed. The first perturbation scheme applied step changes in visually presented speed 136 to determine whether the adjustments in actual speed are consistent in timing and direction with those 137 attributed to indirect prediction and/or direct optimization. The amplitudes of the adjustments also provide 138 an estimation of the visual contribution to the predictive selection of walking speed within our 139 experiment. If only indirect prediction was used, subjects would rapidly adjust walking speed in a 140 direction consistent with returning the visually presented speed back towards the preferred walking speed 141 and the adjustments would persist for the duration of the perturbation ( Figure 2C ). If direct optimization 142 alone was used, or if vision was not a sensory input into the predictive process, we would see no response 143 to visual perturbations. We predicted a combination of these processes as a third possibility-indirect 144 prediction will cause subjects to rapidly change speed in response to a step input and a slower process will 145 gradually return subjects back to their preferred speed over time. However it should be noted that this 146 experimental paradigm cannot distinguish the source of the slow process and we leave open the 147 possibility that this process could be explained by the direct optimization of the cost of transport, sensory 148 reweighting of visual stimuli, or a combination of both. 149
150
The second type of perturbation used sinusoidal changes in the speed ratio to provide a secondary 151 measure of the visual contribution to predictive speed selection within our experiment ( Figure 2D ). We 152 expect the responses to the sinusoidal perturbations to be dominated by indirect prediction if the 153 frequency of the sinusoidal perturbations is fast relative to the dynamics of the slow process. If the visual 154 information provided were the only input into the predictive process, a speed ratio varying between 0.5 155 and 2 would require subjects to adjust their walking speed between twice and one half their preferred 156 speed to maintain a visually presented speed that matches the preferred walking speed. We expect more 157 modest adjustments since other sources such as proprioception will contribute to sensed speed and 158 because the self-motion illusion created through virtual reality is imperfect (Prokop et al. 1997 ). While 159 sinusoidal perturbations have already been shown to produce changes in walking speed (Prokop et al. 160 1997), including them in this experiment served the dual purpose of validating those results while 161 confirming that our particular virtual reality system can induce measureable speed adjustments. 162
163

Experiment 164
Ten volunteers participated in this study (6 male, 4 female, aged 25.9 ± 3.9 years; body mass 70.6 ± 12.1 165 kg; leg length 0.93 ± 0.05 m; mean ± s.d.). All were healthy adults with no known visual conditions or 166 impairments affecting daily walking function. Simon Fraser University's Office of Research Ethics 167 approved the protocol and all subjects gave written informed consent before participation. 168
169
Subjects walked on a treadmill that allowed them to freely select their walking speed (Figure 2A ). We 170 implemented this self-paced feature by designing a feedback controller that measured subject position via 171 reflective markers (Vicon Motion Systems) placed at the sacrum and adjusted treadmill speed to minimize 172 the fore-aft displacement from the center of the treadmill. The control system was designed to provide 173 prompt responses to changes in walking speed while maintaining a smooth feeling during steady-state 174 walking (Lichtenstein et al. 2007 ). We determined instantaneous walking speed from the sum of 175 instantaneous treadmill speed and the subject speed relative to the treadmill. 176
We applied visual perturbations through a wide field-of-view virtual reality projection system placed 178 around the treadmill (Figure 2A ). The virtual scene consisted of a dark hallway with the floors, ceiling, 179 and walls tiled with randomly placed white squares. This set-up was modeled after previously used 180 systems that have been shown to successfully induce adjustments to gait variability and walking speed 181
(O'Connor and Kuo 2009; Prokop et al. 1997 ). The virtual hallway speed was coupled to walking speed 182 via a proportional speed ratio (Equation 1) and streamed to the projection system by the treadmill 183 controller. To increase the sense of immersion, subjects wore eyewear designed to block the edges of the 184 screen as well as headphones playing noise to mask auditory cues that change with treadmill speed. 185
Subjects additionally completed an auditory memory task during the experimental trials to distract them 186 during the visual perturbations. This task involved listening for a series of low and high pitch tones (500 187 and 1200 Hz), presented in random order every 3 seconds, and verbally reporting whether the most recent 188 tone was the same as the one before it. For all trials, subjects were instructed to look forward and use the 189 visual information as naturally as possible as they walked toward the end of the hallway at a comfortable 190
pace. 191 192
The experiment was completed over two sessions occurring on consecutive days. During the first day of 193 testing, subjects were familiarized with the self-paced treadmill and to the virtual reality environment, all 194 with congruent visually presented and actual walking speeds (speed ratio = 1). Subjects walked for a total 195 of forty minutes, over which visual feedback from the display, auditory background noise, and then the 196 distractor test were progressively added. The second day focused on measuring responses to visual 197 perturbations. Subjects began the second session by completing an abbreviated training protocol (speed 198 ratio = 1) lasting twenty minutes and then completed four experimental trials. The background noise in 199 conjunction with the audio distractor test was used in all subsequent experimental trials. Each of the four 200 experimental trials consisted of a series of sinusoidal and step perturbations in speed ratio lasting 13 201 minutes ( Figure 2B ). Each trial manipulated speed ratio as follows: 2 minutes at a speed ratio of 1, 4 202 minutes of sinusoidal changes in speed ratio with a period of 120 seconds, 2 minutes at a speed ratio of 1, 203 a sudden step change in speed ratio maintained for 3 minutes, and 2 minutes at a speed ratio of 1. We 204 used speed ratio sinusoids of two different ranges-the first ranged from 0.5 to 1.5 and the second from 205 0.25 to 2. The values of the step perturbations to speed ratio were 0.25, 0.50, 1.5, and 2.0. The step 206 changes to the speed ratio signal were slightly smoothed, taking 0.2 seconds to complete, so that changes 207 in visually presented speed did not appear abrupt. The amplitudes of the step and sinusoidal perturbations 208 were presented in random order for each trial. Short breaks (5-10 minutes) were given after every trial. 209
210
Analysis 211
We used standard techniques from system identification to quantify the dynamics of speed adjustments in 212 response to step and sinusoidal changes in speed ratio. System identification is a general term to describe 213 algorithms for constructing mathematical models of dynamical systems from measured input-output data 214 (Ljung 1987) . The hypothesized responses to visual flow perturbations applied at the preferred walking 215 speed can be most simply represented as the combination of two parallel processes acting on different 216 time scales, one that immediately adjusts speed in the opposite direction of the visual perturbation (fast 217 process) and another that attempts to reject these adjustments over a longer time scale (slow process) 218 
Here, the body dynamics G(s) and indirect prediction P(s) are combined to yield a 'fast process' that 231 quickly adjusts speed in response to the input and G(s) and O(s) are combined to yield a 'slow process' 232 that adjusts speed to reject these changes over longer time scales. The parameters τ f and τ s represent 233 timing parameters for the fast and slow processes and have units of seconds and seconds 2 , respectively. 234
These timing parameters affect the poles of the closed-loop model and thus the dynamics of the overall 235 response to the input. 236
237
We used the step perturbation trials to identify the magnitude of the visual weighting, the timing 238 parameters for the fast and slow processes, and most importantly, the dynamics of the overall closed-loop 239 behavior. We quantified the timing parameters of the fast and slow processes, τ f and τ s , for the purposes 240 of fitting the input-output experimental data to our model structure. However, the overall dynamics of the 241 system are determined by the closed-loop behavior of the individual processes acting in parallel, which 242 we quantified using response times. The response time of the initial rapid behavior is defined as the 243 estimated time to achieve 95% of the initial change in walking speed after the step change in speed ratio. 244
The slow behavior response time is the estimated time to return to within 5% of the original speed before 245 the perturbation. We also quantified the amplitude of the visual weighting parameter, a, where a value of 246 0 would indicate that vision is insensitive to perturbations of speed ratio. We identified these three model 247 parameters using the step changes in speed ratio as the input to the model and the normalized walking 248 speed responses as the output. To prepare the input data for this analysis, we subtracted 1 from the speed 249 ratio to give change in speed ratio. To prepare the output data, we divided the walking speed by the 250 measured preferred walking speed prior to the perturbation and subtracted 1 from this value to give 251 change in normalized walking speed. Each trial was aligned in time to start at the onset of response in 252 walking speed and onset delays were recorded for each trial. We computed the average onset delay from 253 individual trials and determined significance using t-tests. 254
255
We also used the sine perturbations to separately identify the visual weighting parameter, a, and quantify 256 the contribution of vision to the predictive selection of walking speed. For example, an amplitude of 0.3 257 would roughly suggest that vision accounts for 30% of the sensory resources used for predictive speed 258 control. We identified this model parameter using the sine wave speed ratio perturbations as the input and 259 the normalized walking speed responses as the output. Since sine perturbations do not excite the model 260 dynamics sufficiently to re-identify all model parameters, the timing parameters found from the step 261 perturbations were assumed to be fixed. The input and output data were prepared in the same manner as 262 for the step perturbations, except that we first de-trended the measured speed during the sinusoidal 263 perturbations. While the fast process amplitude may be identified from the step response data alone, we 264 also used the sine perturbations to facilitate comparison with previous sine perturbation experiments. 265
Even though this method requires the assumption of fixed timing parameters, we expected that sine 266 perturbations may still provide a more accurate estimation of the visual weighting because speed 267 adjustments were more reliably induced from these perturbations and because subjects reported less 268 awareness that the sinusoids were occurring. 269
270
The identified parameters minimized the sum of the squared error between the model predictions, based 271 on the step and sine inputs, and the measured walking speed adjustments. To implement this system 272 identification, and generate estimates and confidence bounds on the parameter values, we used 273 
RESULTS
277
The average preferred walking speed prior to the visual perturbations was 1.40 ± 0.03 m/s (mean ± 95% 278 CI), which is near the value of 1.33 m/s that has been previously reported to minimize the cost of 279 transport (Browning and Kram 2005; Zarrugh et al. 1974 ). We also found the audio distractor test to have 280 no significant effect on preferred walking speed (P = 0.78, paired t-test), as compared to walking with 281 background noise alone during training. 282
283
In response to step changes in speed ratio, subjects rapidly adjusted walking speed and then exhibited 284 longer-term adjustments that gradually returned walking speed toward the steady state values before the 285 perturbation ( Figure 3A , B). The directions of the initial speed changes were consistent with an attempt to 286 minimize the difference between the visually presented speed and their preferred walking speed. For 287 example, when a step decrease in speed ratio caused a step decrease in presented speed, subjects rapidly 288 increased their walking speed bringing the presented speed closer to the preferred value at the expense of 289 their actual walking speed. However, the long term adjustments gradually rejected the effects of the visual 290 perturbation and returned the walking speed towards the originally preferred value even though the 291 visually presented speed remained very different from the actual walking speed. 292 293 Subject responses are well described by two parallel processes acting on different time scales ( Figure 3C) . 294
Based on the measured dynamics, the estimated response times of the initial response and the gradual 295 return to steady state differed by more than two orders of magnitude, with values of 1.4 ± 0.3 seconds and 296 365.5 ± 10.8 seconds, respectively. These dynamics are a result of the interaction of the two processes 297 acting in closed-loop combination. The identified timing parameters associated with the fast and slow 298 processes was 0.5 ± 0.1 seconds and 59.1 ± 12.0 seconds 2 , respectively. The initial response occurred 299 after an average onset delay of 5.7 ± 2.5 seconds, consistent with other experimental findings that induce In a subset of trials, subjects showed a reduced sensitivity to the step perturbations. While subjects 312 responded to the step changes in speed ratio during a majority of the trials, subjects did not respond at all 313 in 5 out of the 40 trials ( Figure 4A) . A third type of response exhibited a rapid initial adjustment in speed 314 that was quickly rejected and occurred in an additional 5 trials ( Figure 4B ). We examined whether these 315 responses were correlated with the subject, perturbation direction, perturbation amplitude, and trial order. 316
We found that 4 out of 5 non-responses occurred for smaller step changes in speed ratio (1.5 and 0.5). 317
Rejection responses only occurred during the last two trials of the experiment. We therefore interpreted 318 the reduced sensitivity to visual perturbations as subjects either ignoring the smaller visual perturbations 319 or learning to discard them after several trials and excluded those trials from the step perturbation 320
analysis. 321 322
The sinusoidal perturbations to speed ratio caused corresponding out of phase sinusoidal changes to 323 walking speed -when speed ratio increased, walking speed decreased and vice versa ( Figure 5A ). System 324 identification revealed that the visual feedback provided in this sinusoidal perturbation experiment 325 accounted for 5.8% of the sensory drive into the predictive selection of walking speed ( Figure 5B ). This 326 value was derived from the visual weighting parameter, 0.058 ± 0.001, identified from the sinusoidal 327 perturbation data with the timing parameters fixed based on the step responses. Given the average 328 Here we demonstrate that vision is used for rapidly predicting and selecting preferred walking speeds by 334 using virtual reality to invoke false perceptions of speed. In response to sudden perturbations of visually 335 presented speed, we observed rapid adjustments to walking speed with response times of less than 2 336 seconds, or roughly over 3 steps. The directions of the rapid adjustments were consistent with an attempt 337 by the subject to return their visually presented speed back towards their preferred walking speed, and 338 occurred at the expense of actual walking speed. Subjects were induced to initially speed up or slow down 339 based entirely on the direction of the perturbation, and the speed changes were generally sustained over 340 many steps. These effects are particularly striking when one considers that there was no physical 341 perturbation-the subjects did not have to change speed to stay on the treadmill and would not have 342 changed speed if they were to have disregarded the visual input or simply closed their eyes. The 343 swiftness, direction and persistent nature of the adjustments strongly indicate that vision is normally used 344 to help select the preferred walking speed. Since people prefer walking speeds that minimize energetic 345 cost of transport, these results suggest that vision is used to rapidly predict energetically optimal speeds. 346
347
We also observed a slow process that gradually corrected the effect of the visual perturbation and returned 348 subjects back toward their originally preferred speed. Preferred walking speeds minimize energetic cost 349 raising the possibility that this slow process was acting to directly optimize energy use. Such a process 350 would be expected to be relatively slow and only gradually converge to the optimal pattern because of the constraints, such as terrain, which affect the optimal gait patterns (Wickler et al. 2000) . The speed at 377 which gait transitions occur may also suggest such predictive control, given that people rapidly switch to 378 a run before direct metabolic sensing could likely be useful (Hreljac 1993; Mercier et al. 1994 ; 379
Thorstensson and Roberthson 1987). Therefore, perturbations that affect the energetic cost of gait-380 irrespective of whether they affect speed, step frequency or another parameter-are likely to reveal fast 381 and predictive dynamics. Our measured fast response time of 1.4 s for adjustments of walking speed after 382 visual sensory perturbations is very consistent with the previously observed value of 1.4 s, found from 383 adjustments of step frequency after sudden treadmill speed perturbations (Snaterse et al. 2011) . 384
Furthermore, a novel treadmill controller that adjusts speed as a function of measured step frequency was 385 used to show that the fast adjustments in step frequency encode the relationship between speed and 386 frequency that minimizes energetic cost (Snaterse et al. 2011) . 387
388
Under normal circumstances, predictive gait selection would not only rely on vision but would also 389 integrate feedback from many different sensory modalities, such as proprioception and vestibular 390 feedback, to best estimate speed. Proprioceptive feedback may in fact provide more direct walking speed 391 information based on limb motions relative to a fixed support surface, whereas visually sensed speed must 392 be indirectly surmised based on the speed of object motion across the retina and an estimate of the 393 distance of those objects to the person. The visual system must further distinguish between object and 394 self-motion to estimate walking speed (Gibson 1958 ). The vestibular system is directly sensitive to self-395 motion but requires that the nervous system integrate acceleration signals from the otolith organs to 396 estimate speed (Goldberg and Hudspeth 2000) . To test the nature of the fast gait selection process, we 397 used vision, rather than these other possibly more important sensory systems, largely because the visual 398 pathways are the most readily perturbed. It should also be noted that the canceling effect between the two 399 processes observed in our study would only occur in artificial situations with discordant sensory 400 feedback. The sources of feedback that provide information about energetic cost and walking speed 401 would all be congruent under normal situations and jointly contribute to induce gait changes consistent 402 with energy optimization, albeit over different time scales. 403
404
We estimated the relative contribution of visual feedback to the selection of gait speed within our 405 experimental paradigm as approximately 5.8% from sinusoidal perturbations and 10% from step 406 perturbations. The similarity of these values, derived from different perturbations, provides a rough 407 validation of our overall modeling approach. The differences may be attributed to variations in subjects' 408 awareness of the perturbations, non-linearities in the physiological system that senses and controls speed, 409 as well as our data analysis methods (e.g. non-response trials were not included in the step analysis). 410
These values compare well to the measure of 3.5% found from previous sinusoidal visual perturbations 411 (based on reported data from Prokop et al. 1997 ). However, the small amplitudes should not be taken as 412 evidence against the importance of vision in all contexts since visual sensitivity is highly dependent on 413 the reliability of the visual information relative to the other sensory pathways and thus upon the quality of 414 the self-motion illusion created through virtual reality. Given the simplicity of the virtual environment 415 provided in this experiment, subjects likely experienced changes in optic flow rate more so than perceived 416 motion through a three-dimensional environment (Mohler et al. 2007c ). By adding more realistic three-417 dimensional information to the visual feedback the perturbation responses would likely increase over that 418 produced by optic flow alone. We then suspect that while prediction likely relies on sensory feedback 419 from many different sources, vision is likely used to a greater extent in normal walking than estimated 420
here. 421 422
A major limitation of virtual reality is that subjects must implicitly trust the virtual environment and self-423 paced treadmill. Our protocol attempted to build this trust using a prior familiarization session, yet in a 424 subset of step trials, subject's lack of response suggested that the step perturbations were not always 425 perceived as changes in the speed of self motion. However, the rejection responses still showed fast 426 dynamics, indicating that visual prediction was first used and then quickly discarded. We interpreted the 427 reduced sensitivity to visual perturbations as subjects either ignoring the smaller visual perturbations or 428 learning to discard them after several trials. The numbers of these non-response and rejection trials (and 429 again the visual contribution measured from the step and sinusoidal perturbations) would likely be 430 affected by subject immersion in the virtual environment as determined by the subject factors such as 431 concentration and immersive tendencies and experiment factors such as realism of the virtual 432
environment (Witmer and Singer 1998). 433 434
A second limitation is that we interpreted our results in terms of metabolic cost minimization, yet never 435 measured metabolic rate. This assumption is based on a long-standing body of evidence demonstrating 436 that people freely select energetically optimal gait characteristics under controlled conditions (Donelan et 
1974). 441
Of course, energy minimization must be considered against other important goals for walking, such as 442 balancing to prevent injurious falls or walking to a target. These other goals, along with the environment, 443 place constraints on acceptable walking patterns while energy minimization appears to operate within 444 these constraints to determine the preferred gait (Kuo and Donelan 2010; Sparrow and Newell 1998). 445
However, the effects of these other constraints on preferred walking speed do not likely explain the 446 results of this study. For example, the rapid adjustments do not resemble balance responses as the visual 447 perturbations induced speed changes in both directions that persisted for several minutes. Task goals such 448 as arriving at a destination in a timely manner and environmental factors were also accounted for since 449 subjects walked down an endless hallway on a level treadmill. 450
451
A particular strength of our approach to studying gait speed selection is to consider not just the average 452 response to a virtual reality perturbation, but also the underlying dynamics of the processes involved. 1997). Our results are consistent with these previous findings but add significant insight by identifying 460 the underlying processes that produce these behaviors, namely a fast gait selection mechanism that 461 responds to the altered visual stimuli and a slower process that gradually returns subjects back to steady 462 state over several minutes. Gait speed selection is then similar to the control of heading in that visual flow 463 rate is used rapidly for on-line correction (Bruggeman et al. 2007 ). The outcome of this study also 464 provides functional knowledge for using virtual reality to enhance rehabilitative gait training 465 
Model of gait speed selection 480
This section presents the derivation of a model of gait speed selection in response to perturbations of 481 visual flow rate through the speed ratio parameter. We hypothesize that there are two physiological 482 processes-indirect prediction and direct optimization-that operate on different time scales and underlie 483 the selection of preferred walking mechanics (Figure 1) . Practically, the indirect predictive process may 484 be implemented by a feedback control system that attempts to reduce the error between the estimated 485 speed v est based on sensory feedback and the predicted optimal speed v pred given environmental and task 486 limitations ( Figure A1A ). Walking speed may be estimated from a weighted sum of the individual 487 sensory components that provide feedback about the forward the velocity of the body. We represent this 488 estimation as a sum of visual sensory information weighted by factor a and all other possible sources of 489 velocity feedback weighted by factor (1-a) , where a is between 0 and 1. In this model, speed ratio m is a 490 multiplicative gain that acts on the actual walking speed v to give the visual speed v vis (Equations 1 and 491 A1). The direct optimization control process is generically represented as a black-box system that directly 492 measures the metabolic consequences of walking at a given speed, combines estimated walking speed and 493 measured metabolic rate to calculate cost of transport (COT), and attempts to minimize the cost of 494 transport over time. These two control processes act on the body dynamics to produce changes in walking 495 speed. To compare this model of gait speed selection to the measured input-output data particular to our 496 experiment, we must first linearize the effect of the speed ratio input on walking speed adjustments. 497
Careful normalization of the model inputs and outputs also greatly simplifies the model structure. 498
499
In order to treat speed ratio as a linear input into the system we will linearize Equation A1 about the 500 experimental control condition, where speed ratio is equal to the control value of 1 and the walking speed 501 is equal to the preferred walking speed v pref . The full equation of the first-order approximation is shown in 502 Equation A2 and simplified in Equation A3 . 503 We can now treat the speed ratio m as an additive input that alters visual speed. For a speed ratio equal to 507 1, the visual speed is equal to the walking speed. In order to analyze the effect of perturbations of speed 508 ratio on walking speed dynamics, we will define the input into the system x as 509
where x is then the change in speed ratio relative to the control value of 1. Substituting Equation A4 into 511 A3, we arrive at a simplified linear model of the virtual manipulations of vision (Equation A5). 512
Given this simplification, the model of speed estimation, which sums weighted sensory components, 514 reduces to 515
where the other sources of velocity feedback are combined and assumed to provide direct information 517 about the walking speed v. This simplified model is reflected in an updated block diagram of gait speed 518 selection, where the input into the system x is change in speed ratio applied at the preferred walking speed 519 and the output v-v pref is the change in walking speed relative to the preferred walking speed ( Figure A1B) . 520
Note that the predicted optimal speed input v pred from Figure A1A is no longer considered in this analysis 521 because we are modeling the effect of changes in speed ratio on changes in walking speed and v pred is 522 assumed to be fixed given constant task and environmental conditions during the experiment. 523
524
In order to compare walking speed adjustments across subjects and to further simplify the equations of 525 our model, we define a normalized output of the system y as 526
where y represents changes in the normalized walking speed due to input perturbations of speed ratio. 528
529
We are now ready to compose a linear model to represent the input-output dynamics of normalized 530 walking speed adjustments in response to perturbations of speed ratio. Indirect prediction control is 531 approximated as a linear transfer function that rejects changes in the estimated speed away from the 532 preferred speed. The direct optimization control process is approximated by a linear transfer function that 533 rejects adjustments of walking speed that diverge from the preferred and energetically optimal speed. 534
Although, sensing walking speed is necessary to estimate the COT, we neglect this as an input into the 535 optimization process because perturbations of speed ratio are not expected to alter the speed that 536 minimizes the estimated COT (see next section in Appendix). These two control processes act in parallel 537 as inputs into the body dynamics. The body dynamics are approximated as a linear transfer function that 538 maps forces related to control to changes in walking speed. The final linear representation of our model 539 used for system identification is given in Figure A1C and Equation A8 as 540
where s is the Laplace variable, X(s) is the input (change in speed ratio), Y(s) is the output (change in 542 normalized walking speed), G(s) represents the body dynamics, P(s) represents the dynamics of indirect 543 prediction control that responds to the speed ratio perturbations, and O(s) represents the dynamics of a 544 direct optimization control process that rejects these adjustments. 545
546
We chose functions for the processes so as to produce the hypothesized rapid response to visual 547 perturbations, and its gradual rejection, with the fewest number of parameters, where 548
Here, G(s) and P(s) are combined to yield a 'fast process' that quickly adjusts speed in response to the 550 input and G(s) and O(s) are combined to yield a 'slow process' that slowly adjusts speed to reject these 551 changes away from the optimal speed. The parameters τ f and τ s represent timing parameters for the fast 
Perception of minimum cost of transport 568
This section presents analysis of the effect of visual perturbations on the perception of energy expenditure 569 during walking. If an optimization process were to minimize the metabolic cost of transport (COT), 570 defined as the metabolic rate per unit of walking speed, this process would require simultaneous sensing 571 of both speed and metabolic rate. Therefore, visual perturbations that create false estimations of walking 572 speed will alter estimates of the COT. Here we formulate the effect of these perturbations on the 573 estimated COT to predict how the visual perturbations in our experimental paradigm would affect 574 
To simplify the analysis, we first assume that the speed estimate is made entirely from visual speed v vis . 590
Let estimated speed then be a function of actual walking speed and possible virtual manipulations of the 591 visual flow rate (Equation A12). 592
Here, m is a gain on visual flow rate equivalent to the speed ratio variable in the experiment and b is an 594 offset in flow rate. Estimated COT can then be expressed as a function of the actual walking speed 595
Visual speed perturbations will then change the shape of the estimated COT curve. We can calculate the 598 speed that minimizes the estimated COT by again taking the derivative of this function and equating to 599 speed that differs from the actual optimal speed. When the visual offset is positive, the optimal speed is 610 falsely estimated as lower than the actual optimal speed. This result may then explain why people slow 611 down when walking on a moving walkway at the airport, which has been predicted from a similar 612 analysis (Srinivasan 2009) . 613
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We would like to thank our colleagues, particularly Noah Cowan and his students, who provided 616 thoughtful comments on draft manuscript and additional insight into our analyses. walking speed given environmental and task constraints. We hypothesize that there are two physiological 724 processes-indirect prediction (fast) and direct optimization (slow)-that operate on different time scales 725 and underlie the selection of preferred walking mechanics. Indirect prediction uses sensed speed to 726 predict economical walking speed adjustments based on prior experience. Direct optimization uses sensed 727 metabolic rate and speed to estimate the cost of transport (COT) and adapts walking speed to minimize it. 728
The dynamics of these two processes can be tested by decoupling the relationship between actual and 729 sensed walking speed through the use of virtual reality and applying perturbations to visually presented 730 environment consists of a dark hallway tiled with randomly placed white squares. Subjects are able to 735 freely select their walking speed via a feedback control system that measures the subject's fore-aft 736 location and adjusts treadmill speed to keep them centered on the treadmill. The visually presented speed 737 of motion through the virtual environment is coupled to the walking speed selected by the subject through 738 a proportional 'speed ratio', with the value equal to one for control conditions. B) Experimental trials 739 consisted of a series of sinusoidal and step perturbations in speed ratio with control conditions in between. 740
Superimposed profiles of these perturbations are shown for all four experimental trials. C) The theoretical 741 effects of sudden perturbations in speed ratio on self selected walking speed can be represented by two 742 processes that act on different time scales. A rapid initial response to step changes in speed ratio in a 743 direction opposite to the change in speed ratio will support the hypothesis that vision is used for 744 predictive control. If direct optimization alone were used, we would expect no response to visual 745 perturbations. We predict a combination of these two strategies -indirect prediction will cause subjects to 746 rapidly change speed in response to a step input but will gradually return back to their preferred speed 747 
